Unmanned Aerial Vehicles (UAVs) have become increasingly popular in recent years for agricultural research. High spatial and temporal resolution images obtained with UAVs are ideal for many applications in agriculture. The objective of this study was to evaluate the performance of vegetation indices (VIs) derived from UAV images for quantification of plant nitrogen (N) concentration of spring wheat, a major cereal crop worldwide. This study was conducted at three locations in Idaho, United States. A quadcopter UAV equipped with a red edge multispectral sensor was used to collect images during the 2016 growing season. Flight missions were successfully carried out at Empirical relationships between VIs and plant N concentration were cross validated using test data sets for each growth stage. At Feekes 5, the plant N concentration estimated based on NDVI red edge showed one to one correlation with measured N concentration. At Feekes 10, the estimated and measured N concentration were highly correlated for all empirical models, but the model based on CI green was the only model that had a one to one correlation between estimated and measured plant N concentration. The observed high correlations between VIs derived from UAV and the plant N concentration suggests the significance of VIs deriving from UAVs for within-season N concentration monitoring of agricultural crops such as spring wheat.
Introduction
Nitrogen (N) is one of the essential factors for crop production in terms of plant growth and development and crop quality [1] [2] . Adequate supply of N is fundamental for optimizing wheat (Triticum aestivum L.) yield and grain quality [3] [4]. Nitrogen regulates plant growth processes and plays a vital role in chlorophyll (CL) production-the basis for the photosynthesis process [5] . Insufficient N supply can negatively affect photosynthesis process and result in crop yield and quality penalties [3] . On the other hand, excessive N application to agricultural crops has been associated with nitrate leaching, soil denitrification, ammonia volatilization, and nitrous oxide contamination of aquifers and aggravating the climate change [6] [7] . Dynamic and efficient fertilization (appropriate time and rate) is very important for optimizing crop yield and maintaining environmental quality [8] . Accurate estimation of crop N concentration is vital for developing effective fertilizer-N recommendations.
There is a strong correlation between N concentration and CL content at foliar and canopy scale because most of leaf N is localized within the CL molecules [9] [10] [11] [12] . Chlorophyll content is the main elements that govern the crop reflectance in the visible (VIS) and near infrared (NIR) regions of spectrum [8] .
Thus, vegetation reflectance in these parts of spectrum is closely associated with N concentration. Remote sensing enables to acquire crop reflectance and provide diagnostic information on crop N concentration quickly and in a spatial context, compared to traditional destructive sampling techniques [13] . During the last few decades, scientists have proposed several vegetation indices (VIs) calculated from reflectance data to assess CL content and N concentration [8] [13] [14] [15] . These VIs are mostly a combination of NIR and VIS spectral bands, representing radiation scattering by canopy and radiation absorption by CL respectively [16] . Although these VIs accurately estimate CL and N concen- as the red spectral band is strongly absorbed by CL. Gitelson and Merzlyak [17] showed that red edge region is sensitive to a wide range of CL content values, and the use of this part of spectrum in VIs calculation can reduce the saturation effect due to lower absorption of the red edge region by CL. Several VIs based on this spectral region have been developed and used successfully to estimate CL and N concentration.
Gitelson and Merzlyak [17] replaced the red spectral band (675 nm) with red edge spectral band (705 nm) in Normalized Difference Vegetation Index (NDVI) and developed a new index called Red Edge Normalized Difference Vegetation Index (NDVI red edge ). They showed that traditional NDVI had a tendency to become saturated at higher CL level of senescing maple and chestnut leaves while NDVI red edge continued to show strong linear correlation with CL content and observed no saturation issue. In a similar study, Gitelson et al. [18] showed that reciprocal of red edge spectral band is closely related to the CL content in leaves of all species. They proposed Red Edge Chlorophyll Index (CI red edge ) and
showed that CI red edge is highly correlated with CL content (coefficient of deter- [23] . In a few studies, scientists have used reflectance data derived from UAVs to estimate CL or N concentration. Lu et al. [24] mounted a Mini Multi-Camera Array (Mini-MCA) imaging system on an octocopter UAV to estimate rice N status. They examined various VIs to estimate N concentration at panicle initiation and stem elongation growth stages in rice.
Their results showed that MTCI was best for estimating rice N concentration with R 2 = 0.48. In another study, Caturegli et al. [25] compared the spectral ref- 
Materials and Methods

Study Area
The experimental studies were conducted at five different locations in Idaho during 2016 growing season (Table 1 and Figure 1 ). The soil type, mean annual temperature, and mean annual precipitation for each study site are presented in Table 1 .
Hard red spring wheat (cv. Cabernet) was planted using a Hege 500 series drill 
Unmanned Aerial System
A quadcopter UAV 3DR Solo (3D Robotics, Inc., Berkeley, CA) shown in Figure   2 was selected to carry camera payloads to acquire ultra-high-resolution im- for each capture and each band to prevent blurring or over-exposure, which results in properly exposed images.
Multispectral Image Acquisition and Processing
The UAV images were captured within 2.0 hours of solar noon with flight duration ranging from 15 to 20 minutes in sunny and cloud free conditions. Mission planer software [27] was used to design the flight path and choose the flight and sensor parameters to ensure there is an adequate overlap between acquired images for mosaicking. Two flight missions performed at each location to coincide with Feekes 5 and Feekes 10 spring wheat growth stages resulted in six flight missions per season. These growth stages were chosen because N fertilizer applied at these growth stages has potential to maximize grain yield and quality.
Acquired multispectral images were imported to Micasense Atlas software (MicaSense, Inc, Seattle, WA) for mosaicking, georeferencing and radiometric calibration. Micasense Atlas has a partnership with Pix4D mapper image analysis software (Pix4D SA, Lausanne, Switzerland) to create aligned, mosaicked and georeferenced images from multispectral data captured with the MicaSense red edge camera. The Pix4D finds hundreds of tie-points between overlapped images and stiches the individual images together to build one ortho-rectified image of the whole study area. The accuracy of an outputted reconstructed images are usually 1-2 times the ground spatial resolution. In this study, we had different treatments in the adjacent rows (100 cm row spacing) (well separated plots), so a low level of mosaicking error is allowable when using UAV images for our purpose [28] . Then, the mosaicked images were radiometrically calibrated using 
Field Sampling and Measurements
To obtain a representative plant sample, aboveground biomass was destructively sampled at Feekes 5 and Feekes 10 growth stages by cutting three randomly selected plants in the middle of each plot immediately after each UAV flight event.
Plant samples were dried in the oven for 72 hours at 80˚c and then were transferred to the lab for N content analysis. Samples' N content analysis was performed using the AOAC method 990.3 [29] at Brookside Laboratories, Inc (New Bremen, OH, USA) with extended uncertainty of ±5%. 
Statistical Analysis
The study plots were randomly divided into test and training data sets. For the training data sets, simple regression analysis was performed to find the best rela- 
where, ˆi y is predicted value of N concentration; i y is measured N concentration, and M is total number of observations. In the next step, the test data set was used to evaluate the performance of developed model in the previous step.
Predicted values of N concentration were plotted versus corresponding values of N concentration measured in the lab. The performance of regression models in estimating N for the training data set were evaluated by calculating the R 2 and 
Results and Discussions
Variation of Plant N Concentration
Based on different N application rates, a wide range of N concentration (%) ranged from 0.76% to 1.58% were obtained at Feekes 5 (Table 3 Across growth stages, applied N rates and locations, plant N concentration decreased at all locations (Table 3 and Table 4 ). These results indicate the "dilution effect" as the crop matured, as described in previous studies [34] [35] . Plant N concentration was lower for Ashton site at both Feekes 5 and Feekes 10 growth stages, compared to other sites. As all study sites were irrigated and had similar soil type (silt loam), the differences between plant N concentration for the same N application rates may be associated with differences in the amount of plant available water. Ashton site received 15 cm more precipitation compared to Rupert, and 17 cm more than Parma. The similar result was obtained for the semiarid grassland by Lu [36] . In that study, Lu showed that water additions significantly interacted to affect plant N uptake and N concentrations at the community level.
Plant N Concentration Models Development and Validation
We used the training data set for establishing separate plant N content predictive models using UAV based VIs for Feekes 5 and Feekes 10 separately. The training data set includes a wide range of plant N content values due to differences in N application rates. Eight models were developed using the vegetation indices NDVI, NDVI red edge , EVI2, SR red edge , MTCI, CI green , CI red edge and RTVI core . Figure 3 and Figure , soil background influence on research plots' reflectance could be strong and could negatively affect the red based VIs accuracy [37] . Red edge based VIs could minimize the soil reflectance and isolate crop signal from soil reflectance as a function of canopy cover changes [13] . This suggests that applying red edge based or green based VIs from UAVs data can improve plant N concentration prediction compared to the red based UAV VIs at Feekes 5 of wheat growth stage. At this stage, CI green showed the highest R 2 and lowest RMSE which suggests that the green based VIs can be a better indicator of plant N concentration than the red edge based VIs. This result is in consistent with the result of the previous study conducted by Li [38] who showed that red edge based VIs were more effective for N estimation at earlier growth stage of wheat. In addition, CIgreen showed linear relationship with plant N concentration, which means sensitivity of the model did not change due to the wide range of variation in plant N concentration; it is straightforward to invert them between CI green and plant N concentration to obtain a synoptic measure of N concentration. All the red edge based VIs showed comparable performance with similar R 2 and RMSE values at [38] . At Feekes 10, the crop canopy had fully developed, and soil background effect on research plots' reflectance had been reduced, so red based and red edge based VIs showed similar performance. The performance of the developed models in the previous step were evaluated using test data set for Feekes 5 and Feekes 10, separately. For this purpose, we used the developed models in previous step to estimate the N concentration. Table 5 and Table 6 show the results of comparison between measured N concentration and predicted N concentration retrieved from developed model in previous step for Feeks 5 and Feekes 10, respectively. At Feekes 5 (Table 5) , the R 2 of the relationship between measured and predicted N concentration ranged from 0.67 to 0.84 and RMSE ranged from 0.147 to 0.196. At this growth stage, the lowest RMSE between measured and predicted N concentrations were obtained using the developed models based on RTVI core and NDVI red edge (Table 5) .
At this growth stage, all the developed models performed similar in terms of R 2 ( Table 5 ). The results of a Student's t test showed that for the developed models based on NDVI red edge , SR red edge and CI red edge the slopes of those regression lines
were not significantly different from 1 (t = 0.0279; t = 0.43947; t = 0.43706 respectively) (Table 7) , while a similar test showed that the intercepts of those lines were not significantly different from 0 (t = 1.026; t = 0.730; t = 0.731, respectively) (Table 7) . Thus, one could conclude that these regression lines were not significantly different from the 1:1 line. These results indicated that the developed model based on NDVI red edge can predict the plant N concentration at Feekes 5 with best accuracy compared to other developed models (Figure 4(a) ).
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DOI: 10.4236/ars.2018.72006 (Table 8) , while a similar test showed that the intercept of that line was not significantly different from 0 (t = 0.6554, 46 df, α = 0.05) (Table 8) At different growth stages, UAV based VIs showed different behaviors for The main concern about developed models for plant N concentration estimation is that these models are crop-specific.
Each crop has its' own unique spectral signature; thus, the same models cannot be used for various crops. Changes in plant characteristics (such as breeding improvements) may require the development of additional algorithms. Mixed results about the effect of wheat cultivars on spectral reflectance have been reported in literature. Sembiring et al [40] found that wheat varieties did not have significant effect on spectral measurements. On the other hand, Sultana et al [41] documented that spectral reflectance ( 
Conclusions
Remotely sensed VIs have been extensively used to quantify wheat crop N status.
The UAV technology appears to provide a good complement to the current remote sensing platforms for N monitoring in wheat by capturing low-cost, high resolution images. These UAV technologies can bring a unique perspective to N management in wheat by providing valuable information on wheat N status.
Time, labor and money can be saved using UAV data in crop monitoring.
Results presented in this paper show that high resolution images acquired with UAVs are a useful data source for in-season wheat crop N concentration estimation. At Feekes 5 growth stage, red edge and green based VIs had higher correlation with plant N concentration compared to red based VIs because red edge based VIs can reduce the soil background effect on crop reflectance. At Feekes 10 growth stage, all calculated VIs showed high correlation with plant N concentration, and there were no significant differences between red and red edge based VIs' performance. At this stage, crop canopy has been fully developed, and soil reflectance did not have strong effect on the reflectance of research plots. At Feekes 5, the plant N concentration estimated based on NDVI red edge showed 1:1 correlation with N concentration measured in the lab. At Feekes 10, the estimated and measured N concentration were highly correlated for all developed models, but the model based on CI green was the only model that had a 1:1 correlation between estimated and measured plant N concentration. The observed high correlation between UAV based VIs with plant N concentration indicates the applicability of UAV for in-season data collection from agricultural fields.
